The estimation of battery state of charge is the key technology and difficulty in the battery management system. model-based extended Kalman filtering (EKF) and H filtering (HIFF) have received attention for better estimation performance in recent years. In this paper, Panasonic NCR 18650GA battery was selected as the research object. first of all, the Thevenin model was established in the MATLAB / Simulink. After that, the bias compensated recursive least squares method was proposed by performing the deviation compensation on the basis of the recursive least squares method, which works well for parameter identification of data with colored noise. Then, an adaptive mixed EKF/HIFF algorithm was designed to estimate the SOC, combining the accuracy of EKF with the robustness of HIFF. And then the joint estimation of model parameters and battery status was realized. Finally, the robustness and accuracy of the proposed joint estimator has been verified by adding different colored noise to the experimental data. The result indicates that the estimation errors of voltage and SOC are less than 0.5% even if add a large colored noise to the experimental data, which makes the SOC estimation more accurate and reliable for the electric vehicles application.
Introduction
Parameter identification is the basis of SOC estimation. At present, the mainstream parameter identification methods are mainly divided into two categories: off-line parameter identification and on-line parameter identification. Off-line parameter identification does not achieve the desired accuracy when the battery ages or operating conditions change, because battery parameters are very sensitive to the condition of the battery. The online parameter identification can measure the parameters of the model according to real-time measurement of voltage and current, so that sufficient accuracy can still be achieved in different aging degrees and operating conditions of the battery [1] .
At present, the SOC estimation methods of lithium-ion batteries are mainly composed of the following types: Ah integral method, characterization-based method, modelfiltering-based estimation method, and multi-algorithm fusion estimation method [2] [3] [4] . Ah integral method is simple and common, but the uncertain initial value and the cumulative error can easily lead to a larger estimate error. Open circuit voltage method is simple and more accurate, but the battery need several hours' rest period to get the accurate SOC, not suitable for vehicle conditions. The estimation of a single algorithm is not sufficient to meet the needs of SOC estimation [6] [7] [8] . Therefore, a multialgorithm estimation method is proposed, such as Ah integral method and open circuit voltage fusion algorithm. Bernstein et al. proposed the fusion algorithm for KF / HIFF for the first time in 1989 [9] . Chandra et al. modeled the cubature Kalman filter and filter to form a new robust estimation method and verified its robustness [10] . But in general, mixed filter is fairly immature and rarely applied to SOC estimation [11] . The key contribution of this study is that the BCRLS algorithm can effectively suppress the colored noise in the data, so the model parameters can be more accurately identified. The proposed EKF/HIFF filter which combines the accuracy of EKF with the robustness of HIFF was used to estimate the SOC of the battery and verified by experiments. The experiment proved that the algorithm has better effect. 
Battery Model and On-line Parameter Identification

The establishment of the model
After considering various factors such as battery model accuracy, parameter identification complexity and operability, Thevenin model was selected as the battery model of this paper and shown in Fig.1 .
Thevenin model According to Kirchhoff voltage and current law, taking the discharge as positive, and the Thevenin model was established by taking the capacitor voltage P U as the state quantity in the model. The equation is as follows: 
BCRLS based on-line parameter identification
Parameter identification is the basis of SOC estimation. On-line parameter identification process is as follows:
(1) The above Thevenin battery model is firstly discretized and reduced to the standard form of least squares. Generally speaking, there is noise in the observation variable, which is set to the Gaussian white noise () ek , whose mean value is 0, then we can get the model equation of the discrete time and convert the formula to the standard form of the least squares:
represents the data Matrix; the θ represents parameter vector to be estimated.
(2) Get the SOC-OCV curve. In this section, we use the HPPC test， selecting the SOC from 0 to 100% on the 11 points as a calibration point and fit out the open-circuit voltage curve which is shown in fig.2 , where the charge and discharge process hysteresis effect is ignored. The averaged SOC-OCV equation is: (4) (3) Recursive process. the most common method is RLS among the methods of parameter identification [7] . But it was proved that the RLS estimation is biased when the input noise is colored noise, which reduces the accuracy Figure 2 SOC-OCV curve of the model. Therefore, BCRLS was presented for parameter identification of lithium-ion batteries. The recursive process is shown in the following equations.
Predictive system output and estimation error calculation:
Error criterion function calculation:
Covariance matrix P update:
( 1)
θ is estimated paremeter vector by RLS; K means gain matrix; J is error criterion function; 2  is the noise variance.
Analysis and verification of parameter identification results
The HPPC test data was selected to obtain the OCV-SOC curve, and the DST dynamic condition data was used to verify the accuracy of parameters identification. The simulation model of the above parameter identification algorithm was established under Matlab/Simulink. The results of the BCRLS on-line parameter identification for DST conditions is shown in fig.4 .
Similarly, the simulation model of the Thevenin model is established, and the above identification result is brought into the model to obtain the output voltage of the model. The results of the model output voltage and the terminal Fig.3 . When the SOC>10%, it can be maintained within 0.05V. When SOC < 10%, the error is increased because of the sudden change of the battery characteristics. Though the voltage error increases, it can still remain within 0.07V, which shows that the parameter identification method has a higher accuracy for parameter identification of Li-ion battery. 
SOC Estimation Method
The research status and the SOC estimation method have been analyzed above. Based on the accurate model and parameter identification, the fusion algorithm of EKF and HIFF was introduced and applied to the battery SOC estimation to improve the accuracy and robustness of SOC estimation [12] . At the same time, test data was used to validate the algorithm accuracy.
Extended kalman filter based SOC estimation
When EKF is used to estimate the SOC of the battery, the state variables are selected as the SOC and the voltage p U of the resistance capacitance network, and the current   t i is the input quantity, and the terminal voltage t U is the output. Then the equation of state:
and N Q is the rated capacity of the battery. T k and I k is the temperature correction factor and the rate correction factor. The output equation of the model is:
The state equation is estimated by Taylor expansion around the estimated value, and the items of second order above are omitted [10] . The state equation and observation equation are obtained by linearization and discretization of the output equation: 
, |
]
Where s T is the sampling time, and w and v are process noise and observation noise. Coefficient matrix:
According to the EKF algorithm, the coefficient matrix is introduced to obtain the recursive process of SOC estimation:
State prior estimate update:
Kalman gain matrix: 
Where the variance of process noise and measurement noise: 
H Filter based SOC estimation
H  filter is an abstract theory based on Game Theory [13] . The basic formula of H  filter algorithm can be summarized as follows:
Where the L K is a designer-defined matrix P , R , Q , S , are all symmetrical positive definite matrices for the specific problem. Still based on the Thevenin battery model, the H  filter algorithm is applied to estimate the battery SOC. The state equation of the model is shown in Equation (1). The state matrix in the algorithm is still defined as before:
The recursive flow of the algorithm is: 
Mixed filtering algorithm
i J was defined to design the weight distribution of mixed filter:
At the same time, indicator k J was defined to reduce the impact of noise :
It should be stated that a and b are empirically derived, and they reflect the sensitivity of the adaptive mediator.
Based on the above theory, a SOC estimator based on a mixed EKF/HIFF algorithm can be designed. The structure diagram is as Fig.6 and Fig.7 . 4、Calculate the observation matrix:
6、Calculate gain matrix:
7、Status update:
8、Calculate the error covariance matrix:
9、When k=k+1, the next iteration is performed from step 2.
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Test verification and analysis
In this section, the DST dynamic test data of Panasonic NCR 18650GA battery is used to verify the SOC estimation algorithm in MATLAB/Simulink. The Gaussian white noise with 0, 20mA and 50mA mean value were added respectively to the experimental data to verify the conclusion. All of the algorithms were implemented in Matlab/Simulink. Limited to the length of paper, the model error and SOC estimation error were given directly, as shown in Fig.8 to Fig.11 . The parameter identification method for A and B is RLS. The parameter identification method for C and D is BCRLS.
It can be seen from Fig.8 (A) and Figure Fig.8 (C) that the error of RLS and BCRLS on the model identification results is basically the same in the absence of noise interference. The results of SOC estimation based on the two identification methods are also basically the same. The SOC estimation errors of two filters were both small, shown in Fig. 8 . In this situation, the weight was defined as 1 because the EKF evaluation index k J was not reached the lower limit. So HIFF estimation results were not enabled and the curve of mixed filter and EKF Filter coincide.
It can be seen from Fig.9 (A) and Fig.9 (C) that under the interference of Gaussian white noise, the parameter identification error of BCRLS is slightly smaller than that of RLS. The SOC estimation error based on BCRLS is also slightly smaller than that based on RLS. the EKF can still maintain sufficient accuracy, due to the role of noise, However the accuracy of HIFF decreases due to noise. Therefore, the curve of the mixed filter and EKF filter still coincide. Mixed EKF/HIFF algorithm error with white noise It can be seen from Fig.10 (A) and Fig.10 (C) that the parameter identification error of BCRLS is significantly smaller than RLS under the interference of 20 mA colored noise. Colored noise is effectively suppressed. The accuracy of SOC estimation based on BCRLS has also been greatly improved. SOC error can be divided into two stages. In the first stage, the index k J is still lower than the lower limit. the mixed filter still coincides with EKF. In the second stage, the error of EKF estimation is increased. The mixed filter estimate is the weighted average of the two algorithms, and the weights are constantly changing.
Figure 10
Mixed EKF / HIFF algorithm error with 20mA bias current It can be seen from Fig.11 (A) and Fig.11 (C) that under the interference of 50 mA colored noise that the error of parameter estimation increases obviously and fluctuates sharply, but the parameter identification error of BCRLS is still smaller than that of RLS. BCRLS still performs well under large deviations of colored noise. The SOC estimation based on BCRLS still maintains high accuracy. SOC estimation error can be divided into three stages, the first two stages is the same as Fig.8 , when the EKF error continues to increase, EKF algorithm has lost its Paper ID: ICEIV2018-118 6 Copyright © by ICEIV significance, then the weight 1 k d  is set to 0, so the curve of mixed filter and HIFF coincide.
Figure 11
Mixed EKF / HIFF algorithm error with 50mA bias current In general, the BCRLS algorithm performs well in the parameter identification of data with colored noise, which greatly improves the accuracy of parameter identification. The BCRLS algorithm effectively helps improve the accuracy of SOC estimation. The mixed filter satisfies the original intention of designing which is effective in making a choice between precision and stability. The results show that the filtering algorithm have sufficient accuracy and robustness.
Conclusions
In this paper, different models of Li-ion battery were compared, and the Thevenin model was selected as the object of study and BCRLS was used to identify the parameters. The DST dynamic condition test was used to verify that the error of the model is less than 0.06V. So it can be considered the BCRLS algorithm can effectively suppress the colored noise in the data and propose accurate parameter identification results. BCRLS provides a solid foundation for accurate estimation of SOC.
Secondly, the EKF algorithm and the HIFF algorithm were used to SOC estimation. The EKF algorithm has the best state estimation effect under white noise. The HIFF algorithm tends to be conservative, but it's the recursive process design for robustness improved the stability of the algorithm greatly. The mixed EKF/HIFF algorithm proposed in this paper combines the advantages of the two algorithms, which not only improves the accuracy of the algorithm, but also guarantee the robustness of the algorithm as much as possible. The algorithm is of great significance to the accurate estimation of SOC.
